Introduction
The collective behaviour of polymers has been studied extensively, but this is not the case for bio-macromolecules. However, the aggregation of macromolecules such as proteins is of great practical importance. It is generally believed to play a role in prion diseases [1, 2] , Alzheimer's disease [3, 4] and the formation of cataracts [5] . All these conditions appear to be related to the abnormal aggregation of proteins. But a good understanding of protein aggregation is also important for processes in the pharmaceutical [6] and food industry [7] . Yet, in spite of its importance, the physics of bio-molecular aggregation is poorly understood.
Early numerical studies of protein aggregation were reported by Gupta et al. [8] . Since then, many other model studies of this phenomenon have been reported [9] [10] [11] . The problem with the simulation of bio-molecular aggregation is that it requires a model that is sufficiently detailed to account for the specific intermolecular interactions that drive the aggregation, yet sufficiently cheap to allow numerical simulations of the collective behaviour of many bio-molecules.
In a recent study, we considered a lattice model of a protein solution based on the G " o Model [12] . The simplicity of this lattice model allowed us to determine the complete phase diagram of the system [13] . But lattice models suffer from serious drawbacks: in particular, their representation of the conformations of bio-molecules is so oversimplified that they can hardly be considered as representative of real bio-macromolecules. Clearly, to make progress in the modeling of the aggregation of real biomolecules, one must use more realistic models. Ideally, one would use a model where all the atoms of the protein and of the solvent are represented explicitly [14] [15] [16] . Unfortunately, the computational cost of such a model is such that it cannot be used to simulate the collective behaviour of a solution containing many realistic proteins.
This problem is, of course, well known and hence several authors have proposed more simple offlattice models to study the collective behaviour of systems containing many proteins: for instance, Voegler-Smith and Hall [17, 18] between refolding and aggregation using such a model. Their work suggests that, in order to mimic the behaviour of real proteins, a model needs to account both for the effect of hydrogen bonding between amino acids and for the interaction between different amino-acid residues. The model used in [17, 18] is based on discontinuous potentials and can be studied by Monte Carlo or event-driven molecular dynamics simulations. Whilst this choice is computationally cheap, it cannot account for long-ranged interactions. Moreover, the use of discontinuous forces may lead to unrealistic folding dynamics.
In this paper, we propose a simple, off-lattice protein model that takes into account both the hydrogen bonds that are essential for the creation of secondary structures such as -helices and -sheets, and the interactions between side chains. We performed Molecular Dynamics simulations to study the thermal properties of this model and Monte Carlo simulations to gather information on the free energy of folding and on the aggregation of model proteins.
In the first section, we describe the model used. The second section is devoted to the study of the behaviour of a single protein. In the final section, we look at the aggregation of a folded protein and an existing aggregate.
Protein model
Any protein model, however simplified, must reflect some features that are dictated by the chemical structure of polypeptides, i.e. chains of amino acids. For the construction of proteins, Nature makes use of 20 different types of amino acids that only differ in their side chains [19] . To form a protein from these amino acids, units are linked by peptide bonds: the carboxyl group C 0 ¼O is linked to the nitrogen group N-H by an amino bond. As the nitrogen lone-pair is partially conjugated with the p-bond of the C 0 ¼O group, the four atoms NH-C 0 O are fixed in the same plane [20] . Let us consider the interactions that drive the folding and the aggregation of proteins. The two most important interactions are side chain-side chain interactions and hydrogen bonds. Among the side chain-side chain interactions, the hydrophobic interactions are thought to be the main driver for the folding of proteins. Following the usual description [19, 20] , there are three types of side chains: hydrophobic, charged and polar. In addition, there can also be disulfide bridges. Such disulfide bridges are usually not found in intracellular proteins, but they occur quite frequently in extracellular proteins [20] . In this study, we will not take into account the disulfide bridge interactions.
Proteins occur in an aqueous environment (at least in living systems) and water can play a role in the folding. Indeed, hydrophobic side chains tend to pack in the interior of the protein. Charged and polar side chains interact through both Coulomb and Van der Waals forces [19] .
Finally, hydrogen bonds occur between the oxygen lone-pair of C 0 ¼O and the hydrogens of the N-H of two different amino acids spatially close together. These hydrogen bonds play an important role in the most prevalent secondary protein structures, namely the -helix and the -sheet [19, 20] .
Model
Our aim is to describe a protein by a simple model that retains the essential features of the interactions in real proteins, yet is sufficiently simple to make it computationally cheap. We therefore retain in our model the interactions between side chains and the hydrogen bonds. A related approach has recently been proposed independently by Chen et al. [21] .
In order to reduce the computational cost of our simulations, we wish to minimize the number of particles in the model. To this end, we make the following approximations.
. We do not describe the solvent molecules. Solvent effects such as hydrophobic effects are taken into account through effective interactions between side chains. . To account for hydrogen bonds, we do not explicitly simulate all the atoms NH-CO of each amino acid because they are in the same plane. Rather, we model this plane by a spin that can rotate perpendicularly to the C C bond. Hydrogen bonds are taken into account through the interaction between spins. . Side chains of proteins are represented by only one particle. They are thus modeled as spheres of different types, regardless of the size of the side chain and steric effects. We take into account only three different types of side chains: hydrophobic (H), polar positive (P) and polar negative (N). We did not introduce the 20 different types of amino acid because this would have increased the number of parameters of the model and made it more difficult to draw qualitative conclusions from our simulations. However, the model can easily be extended to account for the heterogeneity of amino acids. Figure 1 shows a representation of our model. Since the NHCO group is modelled by a simple spin, the C carbon of an amino acid is not chiral. However, once introduced into an amino-acid sequence, the C carbon becomes chiral most of the time and the polypeptide is chiral itself (except if the sequence of amino acids is symmetric). Table 1 gives the values that we use for the different structural parameters. The values for the bond or pseudo-bond length and for the angles or pseudo-angles were calculated from known protein structural data: L 0 CR is fixed at the length of the usual sp 3 carbon-carbon bond, and 0 CR is fixed as in sp 3 carbon. L 0 CC was calculated from the atomic distances in amino acids [22] . Below, we briefly summarize the potential that determines the vibration and torsion of the peptide backbone. 
In practice, the angle CC depends on the orientation of the adjacent CO-NH planes and thus on the 'spins' in our model. Considering the different equilibrium distances between the atoms and the equilibrium angles between the bonds in a real amino acid [22] , we calculated the angle CC depending on the orientation of the CO-NH planes. The angle CC varies between 1.4 and 2.4 rad. We do not explicitly take into account this dependence because the resulting potential would depend on the relative positions of three C atoms and on the orientation of two spins. Such a 'many-body' potential is computationally costly. Instead, we allow CC to vary freely between 1.4 and 2.4 rad using the following potential:
(ii) The spins are located at the center of the C C bond and are maintained perpendicular to the bond through a harmonic potential of strength k angle-spin :
where spin CC is the angle between the spin and the C C pseudo-bonds.
Finally, we need to define the potentials for the interactions between residues and for hydrogen bonds.
For the side chain-side chain interactions, we use a potential that can be either attractive or purely repulsive, depending on the type of side chain. The effective interactions between side chains account for solvent effects and for screened Coulomb interactions between charged particles. Two side chains of the same protein can interact only if they belong to amino acids separated by at least one amino acid in the chain. Table 2 lists the potentials used.
For the spin-spin interactions, we use the following potential:
where r is the distance between the two spins, and I and J denote the angles between each spin and the line joining the two spins (see figure 2 ).
This potential is thus attractive if the two spins are parallel in the direction of the line joining the spins, and it becomes less and less attractive when the spins change their orientations. It can almost be purely repulsive if the angles are large compared with the value of . Two spins of the same protein can interact only if they belong to amino acids separated by at least two amino acids in the chain. Figure 1 . Model of an amino acid. The orientation of the CO-NH plane is described by a spin perpendicular to the C C bond. Table 3 gives the values of the different parameters for the side chain-side chain and the spin-spin potentials. k length-bond and k angle are fixed to the values used for CC bonds in alkanes [23] . k angle-spin was chosen to give some flexibility to the hydrogen bonds. We did not attempt to optimize this parameter. spin was chosen such that the depth of the spin-spin potential is 4.15 kT at 300 K, which is of the order of magnitude of known hydrogenbond energies [24] . spin is fixed to reproduce the hydrogen-bond length. HH , HP and PP were adjusted such that the conformations of the proteins at low temperature depend on the sequence of amino acids: these three energies have been taken to be equal to reduce the number of parameters, although this is certainly not the case in reality. HH , HP and PP are chosen to be reasonable estimates for the sizes of the groups they represent [18] . Finally, was fixed such that two spins experience an attraction if their directions differ from the line joining the two spins by about 30 . Note that the spin-spin interactions are stronger than the side chain-side chain interactions. A similar trend has been observed in other models [17] , where hydrogen bonds were six times stronger than side chain-side chain interactions.
In our model, the main chain does not interact with side chains, although it would be easy to add a repulsive interaction. However, side chain-side chain interactions prevent any overlap between the main chain and side chains: we have never experienced such a situation in our simulations.
This concludes the description of our model. In the next section we use this model to simulate the behaviour of an isolated protein depending on the sequence and on the temperature.
Properties of model isolated proteins
To investigate the properties of the protein model described above, we performed simulations to probe both the behaviour of isolated model proteins and of protein aggregates. We performed molecular dynamic simulations at constant temperature using a Nose-Hoover thermostat and a multiple-time-step integrator scheme [25] . As a demonstration, we used the present model to study oligopeptides consisting of 12 amino acid residues. Of course, such chains are short compared with most proteins, although it is worth stressing that several biologically active oligopeptides [26, 27] are known. In addition, oligopeptides can form amyloid fibers [14, 28] . We stress that there is no intrinsic limitation of the present model to short oligopeptides. We studied both the temperature dependence of the internal energy of the model proteins and the conformational changes that the oligopeptide undergoes upon changing the temperature. Figure 3 shows the average potential energy of a single model protein as a function of temperature. The steep part of the curve (corresponding to a peak in the heat capacity) is indicative of a transition between a coil state and a folded state. In the (high-temperature) coil state there are few hydrogen bonds or side chain-side chain interactions. Upon decreasing the temperature, the chain folds into a well-defined native state. The conformation of that state depends on the amino-acid sequence.
Temperature dependence of the internal energy
The location of the peak in the heat capacity provides us with an estimate of the transition temperature: it is about T f ¼ 115 K. In the following, all temperatures will be normalized by T f . This temperature is low compared with the typical folding temperatures of real proteins (about 310 K) [29] . Of course, our results depend upon the choice of the energy parameters HH , HP , PP and spin . Within the constraints of the rather simple model that we use, we have chosen to take a realistic value for the hydrogen bonding. We have not attempted a systematic optimization of all force-field parameters in order to obtain, simultaneously, a realistic estimate for the energy of hydrogen bonding and a realistic folding temperature. The aim of the present work is primarily to illustrate that, even without much fine-tuning, our model exhibits protein-like behaviour. We expect (but have not tested) that more quantitative agreement with experiment can be achieved by force-field 'fitting'.
Sequence dependence at low temperature
As already mentioned, when the temperature decreases below the heat-capacity peak, the chain folds into a welldefined native state. We find that the low-temperature morphology depends on the sequence. Moreover, some of the observed conformations resemble the well-known -helix and -sheet. Depending on the sequence, our model can exhibit conformations that involve one or both substructures. We stress that the folding in the -helix conformation is not driven by a torsional potential [30] -rather, the protein spontaneously folds in that conformation. However, although the protein is chiral, our model does not distinguish between left-handed and righthanded helices: this drawback is a consequence of the non-chirality of the amino acids. Hence, the conformations that differ only in helicity are degenerate. This degeneracy between L and R helices can be broken by making the amino acids chiral. Figures 4 and 5 show two folded proteins, one in an -helix conformation, the other in a -sheet conformation. The only difference between the two conformations is the sequence of amino acids; all other parameters are the same.
In the -helix conformation, hydrogen bonds are created between spins n and n þ 3 in such a way that they are roughly parallel to the axis of the -helix. Because a spin in our model simulates the NH-CO group, this would correspond in real proteins to a hydrogen bond between C 0 ¼O of amino acid n and NH of amino acid n þ 4, as is indeed observed experimentally [20] . In other words, our model obtains the correct number of amino acids per -helix turn. In -sheets, our model generates hydrogen bonds perpendicular to the protein backbone, but within the plane of the -sheet, as it should.
As a first conclusion, our model reproduces three important characteristics of real proteins.
. The protein can occur in two states depending on the temperature. At high temperatures, the protein is in a coil state, and at low temperatures it folds into a 'native' state. . The conformation at low temperature is unique (except for handedness) and is sequence dependent. . The conformations at low temperatures contain the same substructures (-helix and -sheet) as observed in real proteins. To our knowledge, the present coarse-grained model is one of the simplest that reproduces both the -helix and -sheet structures using only three amino-acid types. Of course, there exist other coarse-grained models that reproduce the and structures. However, this is either achieved by imposing a dihedral potential that facilitates helix formation [31] or by using a more complex (20 amino acid) 'alphabet' [32] where the strength of the interactions between side chains is estimated on the basis of the observed frequency of contacts between a specific side chain pair. Recently, a model has shown that the native-state folds of proteins can emerge on the basis of considerations of geometry and symmetry [33] . Finally, some aspects of protein folding can be reproduced with models based on a G " o model [12] . However, the G " o model is designed to favour a particular target state (the 'native' state) because it assumes that only those side chains that are nearest neighbours in the native state can attract each other. The amino-acid alphabet for the G " o model is therefore unbounded, as it increases with the number of nearest-neighbour contacts in the native state. By comparison, our model has the advantage that it does not have the properties of the native state built in and, moreover, it is very simple, as we introduce only two kinds of interactions and three types of amino acids. Below, we discuss the role and strength of both interactions.
Folding pathway
In our model, protein folding is the result of competition between the formation of hydrogen bonds and side chain-side chain interactions. Looking at the numerical values for the interaction strengths in table 3, it is clear that a hydrogen bond is more favourable energetically than a side chain-side chain bond, but the attraction between 'spins' is of shorter range than that between side chains (see table 2 and equation (8)). Due to the strong binding energy between spins, the lower-energy state of our model is always the -helix conformation regardless of the sequence of amino acids: the -helix conformation maximizes the number of hydrogen bonds. Hydrogen bonds would favour a small number of amino acids per helix turn. However, this is frustrated by the energetic cost to reduce the angle between -carbon atoms. The lowest-energy state corresponds to 3.5 amino acids per turn. As explained in section 2.1, our definition of the potential E CC allows free variation of the angle between consecutive -carbons in the range between 1.4 and 2.4 rad. If we would have constrained this angle to take a value of around 1.9 rad, the lowest-energy structure would be one where hydrogen bonds form between spins n and n þ 4, something that is not observed in real proteins.
As a consequence of the strong binding energy between spins, an isolated -sheet, as shown in figure 5 , corresponds to a metastable state. However, in Molecular Dynamics simulations, the formation of these structures is often kinetically favoured. This is so because one can choose a sequence of amino acids that favours the -sheet structure: as the attraction between these side chains is relatively long ranged, one finds that the kinetics of the folding process can favour -sheet formation, even though, for an isolated protein, this is not necessarily the most stable state. As a result, the conformation of the folded protein is sequence dependent.
The coil-native transition
To gain insight into the relative stability of different protein conformations, we performed Monte Carlo simulations using local moves. Using Umbrella Sampling (see, e.g., [25] ), we computed the free energy of the system as a function of order parameter q that characterizes the degree of folding of the protein.
We chose the following order parameter:
The sum is performed over all allowed couples (two spins can interact if they are separated by at least two amino acids) of spins in the chain and V spin is given by equation (8) . This parameter thus approximately corresponds to the number of hydrogen bonds in the system. In our Umbrella Sampling simulations, we bias the Hamiltonian by a harmonic potential of the form W ¼ 1=2kðq À q 0 Þ 2 , where k and q 0 are parameters that can be varied at will. From these simulations, we obtain the free-energy curve around q 0 , up to a constant. To obtain the full curve, we use the continuity of the free energy as a function of q. Actually, we look for the best polynomial of order eight that fits the curves. Figure 6 shows the free-energy curve as a function of the order parameter for different temperatures.
At temperatures well below the coil-native transition temperature (T=T f ¼ 0:26, for instance), the free energy is lowest for high values of the order parameter (folded chain). At high temperatures (T=T f ¼ 1:3, for instance) the stablest state has a low value of the order parameter (coil state) with almost no hydrogen bonding. At the transition temperature, a small free-energy barrier separates the two states, suggesting that the transition may become first order for a sufficiently long chain. However, we have not computed this free-energy barrier as a function of the size of the protein. Figure 6 also allows us to estimate the transition temperature: here between T=T f ¼ 0:95 and T=T f ¼ 1:13, in agreement with the data of figure 3 .
In summary, our model reproduces the two-state behaviour of real short proteins and the resulting folded conformation contains secondary structures that resemble those of real proteins. Below, we consider the possible aggregation of proteins.
Aggregation of proteins
In spite of the fact that our model proteins are computationally much cheaper than full-atom models, it is still prohibitively expensive to compute a full phase diagram, using systems containing many hundreds of proteins. Instead, we have studied the aggregation of a small number of proteins. 
Stability of aggregates
In section 3, we showed that folding is initially driven by long-ranged side chain-side chain interactions and that the short-ranged hydrogen bonds stabilize the resulting structure. For isolated proteins, -helices are more stable than -sheets, because the latter have fewer hydrogen bonds. However, this energetic disadvantage of -sheets does not apply if the remaining hydrogen bonds are involved in inter-protein interactions. This suggests that -sheets could be stabilized by the formation of protein aggregates involving interprotein hydrogen bonds. These hydrogen bonds are perpendicular to the -sheet plane of the individual proteins. This phenomenon is illustrated in figure 7 where we show that two proteins that have been designed to form an -helix, when isolated (see figure 4) , form a stable -sheet-like dimer. We emphasize that the stability of the aggregate shown in figure 7 is due to inter-molecular hydrogen bonds.
To investigate the stability of such an aggregate, we performed a Molecular Dynamics simulation of the aggregate, varying the temperature from T=T f ¼ 0:2 to T=T f ¼ 1:7, where T f is the folding temperature introduced in section 3.1. Figure 8 shows the variation of the average potential energy as a function of temperature.
A clear change occurs around T=T f ¼ 1:1. Direct inspection of the structures generated in the simulation shows that this transition corresponds to the break up of the aggregate. This major transition is preceded by a smaller one around T=T f ¼ 0:8. This transition corresponds to a reorganization of the aggregate from the structure shown in figure 7 to that shown in figure 9 .
This morphology is more stable than that proposed in figure 7 . Here, the two proteins are linked by side chain-side chain interactions and, especially, by hydrogen bonds. We emphasize that here the proteins in the aggregate are identical and that their sequence is designed so that an isolated protein folds in a helix substructure. Also, one should note that some hydrophobic interactions occur between the two proteins: the side chain-side chain interactions therefore drive both the folding and the aggregation of proteins.
Also in larger aggregates we observe protein arrangements similar to that shown in figure 9 . Comparing our results with the work of Petkova et al. [34] , our simulation shows the spontaneous formation of an aggregate rather similar to the -amyloid fibrils occurring in prion diseases. Indeed, Petkova et al. [34] have recently provided a structural model for Alzheimer's -amyloid fibrils based on experimental constraints. They showed that these fibrils may have a structure analogous to that presented in figure 9 (with a large number of proteins). Moreover, it has been suggested [34] that fibril formation is driven by hydrophobic interactions. The picture of aggregation we present here is thus comparable to that of Petkova et al. except that, in our case, the final state of the aggregate is mainly stabilized by the hydrogen bonds, whereas one would reasonably expect a stronger stabilization from hydrophobic effects as suggested by Petkova. Recently, Nelson et al. [35] have even suggested that ''opposing side chains do not form hydrogen bonds'' and that interactions between -sheet-like proteins are due to van der Waals interactions. Clearly, our model effectively attributes this hydrophobic effect to hydrogen bonds and this may explain why we over-estimate the strength of hydrogen bonds. We return to this point in the conclusions.
Growth of the aggregate
An aggregate such as that shown in figure 9 can grow by addition of another protein. But, since the temperature is lower than the folding temperature, the added protein will first have to unfold to be able to form hydrogen bonds with the existing aggregate. Since hydrogen bonds involve the strongest interaction of the model in terms of bond energy, we can do a very simple estimation of the energy balance of such an operation. In fact, we can just compare the number of unsatisfied hydrogen bonds in the case of an aggregate of n macromolecules and a free helix protein, and an aggregate of n þ 1 molecules. Basically, in the helix, only the top and bottom surfaces of the cylinder show unsatisfied hydrogen bonds: we denote this number by 2S. On the aggregate, only the lateral surfaces have unsatisfied hydrogen bonds: this number we denote by 2 Ã L=2 where L is a measure of the length of the peptide. A crucial point is that the number of unsatisfied hydrogen bonds in the aggregate is independent of the number of peptides in the aggregate. Thus, by adding a folded protein to the aggregate, the number of unsatisfied hydrogen bonds should be reduced by the number of unsatisfied hydrogen bonds in the initial added chain: we can thus expect such an operation to be energetically favourable. The number of unsatisfied bonds gained is 2S.
This analysis is incorrect for the formation of the first aggregate of two proteins since, in that case, the initial system in composed of two folded proteins in a helix conformation and no aggregate exists. Thus the price in hydrogen bonds is L À 4S and, for long proteins, L is greater than 2S.
Following this last analysis based on energy arguments, we can draw a schematic representation of the expected energy landscape presented in figure 10 as a function of the number of proteins in the aggregate. Similar free-energy landscapes play a role in the kinetics of formation of lamellar polymer crystals [36, 37] .
To check this scenario, we performed a Monte Carlo simulation using Umbrella Sampling to study the freeenergy landscape for aggregation.
To measure the progress of the aggregation, we define an order parameter q:
where C i denotes the ith alpha carbon of the chain. The definition of q has been chosen such that q is large when the chain is folded in a helix conformation. The initial configuration is that shown in figure 9 ; q is calculated only for one chain and the other chain is fixed during the simulation. We performed a free-energy calculation using Umbrella Sampling [25] over a range of temperatures using a bias potential of the form
Twenty values of q 0 were explored, ranging from q 0 ¼ 7 to q 0 ¼ 18. In every 'window' we performed twenty million Monte Carlo cycles. The biasing allows us to explore the regions of configuration space where the protein detaches from the aggregate whilst folding into a helix conformation. The free-energy curves are estimated from these simulations by determining a polynomial of order eight that fits the simulated free-energy data. Note that the free energy is only determined up to an additive constant. Figure 11 shows how the free energy of the system varies with the order parameter q. In a helix conformation, the value of q is high, roughly about 13 to 14, whereas for a protein (-sheet-like conformation) in an aggregate, this value is smaller, q % 9-10. figure 9 and S denotes the number of unsatisfied hydrogen bonds on one end of a helix like that shown in figure 4 .
The free energy (figure 11) shows that the aggregate is very stable at low temperatures (T=T f ¼ 0:17, T=T f ¼ 0:43) since only one minimum appears, at q % 10, and no metastable states exist. At higher temperature (T=T f ¼ 0:69), the free-energy landscape exhibits two minima (q % 10 and q % 14). One minimum corresponds to the original aggregate, q % 10, and the other to an aggregate with one -helix almost detached, q % 14. The latter minimum, present at very small values, q < 6, is an artefact of our simulations. The metastable configuration is one where the helix is still close to the aggregate: the two structures are still connected through the last hydrogen bonds on the top of the helix. Thus, coming back to the scenario sketched in figure 10 , we see that the relative propensity for aggregation and folding depends on the temperature, emphasizing the importance of entropy in the aggregation process.
Our simulations suggest that, at low temperatures (T=T f < % 0:7), proteins should spontaneously aggregate to existing fibrils. This tentative conclusion should be treated with caution as our calculation does not model the addition of a completely free helix protein to a fibril, but the folding of a protein incorporated in an aggregate in a helix conformation. In particular, our calculation only partly takes into account the entropy associated with the volume of the simulation cell: before aggregating to a protein, the protein first has to find the aggregate in the cell, which is not described in our case. Computation of the free energy needed to add a free helix protein to an existing fibril is feasible, but expensive.
Interestingly, the free-energy barrier for aggregation at the higher temperature in figure 11 is of the order of 1 eV. This value should be compared with the energy of a single hydrogen bond: 103 meV. This means that the order of magnitude of the free-energy barrier for aggregation is 10 hydrogen bonds. This barrier corresponds to the free energy needed to unfold a protein in the helix state and aggregate it into a fibril.
Conclusion
In this paper we have analysed the properties of an offlattice, coarse-grained protein model. Even though it is very simple, it qualitatively reproduces several key properties of real proteins. In particular, the model proteins can fold into a -sheet or an -helix structure, depending on the amino-acid sequence. Moreover, we have shown that small aggregates spontaneously organize into fibrils. Considering the simplicity of the model, it is encouraging that it can account for these important properties of real proteins. However, the model also has some serious drawbacks. Most important among these is the role attributed to hydrogen bonds. The energy for the hydrogen bond is realistic (4kT for our model), whilst the energy for side chain-side chain interactions is rather small. The values of these energies were chosen so that proteins can fold into native structures that depend on the amino-acid sequence. The energy parameters of our model are likely to depend strongly on the choice for the functional form of the effective interaction potentials: we would not expect real (short-ranged) hydrophobic interactions to be modelled adequately by a simple Lennard-Jones potential. Of course, our model could be improved by including more cooperativity and by using a more realistic description of the side chainside chain interactions. However, such improvements would come at a considerable computational cost.
The advantage of the present model should become pronounced when studying longer proteins. In particular, the folding and structure of the aggregate (figures 3 and 8) could be obtained for much longer proteins (50 or 100 amino acids). The key issue of such simulations would be to ensure that we actually find the lowestenergy states: this would require numerous simulations starting from different initial conditions.
The computational cost of figures 6 and 11 would be much higher, as these figures result from the averaging of tens of millions of configurations for different values of the relevant order parameter. Such curves are computationally expensive and are, at present, hard to obtain for longer chains. As one of the main objectives of the present work was to illustrate the calculation of free-energy curves, we focused our study on relatively short poly-peptides, as this illustrates that the present simple model is likely to be useful for qualitative studies of the competition between aggregation and folding.
